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Abstract

In recent times, Vision-Language Models (VLMs) have been trained under two pre-
dominant paradigms. Generative training has enabled Multimodal Large Language
Models (MLLMs) to tackle various complex tasks, yet issues such as hallucina-
tions and weak object discrimination persist. Discriminative training, exemplified
by models like CLIP, excels in zero-shot image-text classification and retrieval,
yet struggles with complex scenarios requiring fine-grained semantic differentia-
tion. This paper addresses these challenges by proposing a unified approach that
integrates the strengths of both paradigms. Considering interleaved image-text
sequences as the general format of input samples, we introduce a structure-induced
training strategy that imposes semantic relationships between input samples and
the MLLM’s hidden state. This approach enhances the MLLM’s ability to capture
global semantics and distinguish fine-grained semantics. By leveraging dynamic
sequence alignment within the Dynamic Time Warping framework and integrating
a novel kernel for fine-grained semantic differentiation, our method effectively
balances generative and discriminative tasks. Extensive experiments demonstrate
the effectiveness of our approach, achieving state-of-the-art results in multiple
generative tasks, especially those requiring cognitive and discrimination abilities.
Additionally, our method surpasses discriminative benchmarks in interleaved and
fine-grained retrieval tasks. By employing a retrieval-augmented generation strat-
egy, our approach further enhances performance in some generative tasks within
one model, offering a promising direction for future research in vision-language
modeling. The project repository is here.

1 Introduction

In recent times, Vision-Language Models (VLMs) have been trained under two predominant
paradigms: generative training and discriminative training. Generative Training has achieved
remarkable success in enabling Multimodal Large Language Models (MLLMs) [1, 55, 86] to develop
a wide range of powerful capabilities that can handle various complex tasks (e.g., open-world visual
question-answering, image caption generation, etc.) within a single model. However, challenges
such as hallucinations and weak image object discrimination abilities [7, 89] persist. Discriminative
Training, exemplified by CLIP [73], exhibits remarkable representation capabilities for zero-shot
image-text classification and retrieval. Nonetheless, it encounters difficulties in processing complex
scenarios (i.e., , retrieving multi-modal documents with interleaved images and texts) [53, 54] and
exhibits a limited ability to discern detailed semantic differences [79, 85].
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The disparity between these two paradigms has sparked recent studies aimed at imparting discrim-
inative ability to generative pre-trained MLLMs. However, certain aspects of performance still
pose limitations (e.g., singular discriminative tasks [89], weak discriminative task performance [40],
weak generalization [59], etc.), while others entail compromising the model’s original generative
capabilities [8].

Overall, the reason generative paradigms struggle with performing discriminative tasks like retrieval
is due to overlooking two crucial abilities:

(i) Comprehensively capturing the global semantics. Recent studies have revealed that causal LLMs
tend to exhibit a bias towards capturing global information from the input samples, often resulting
in a tendency to overlook information located in the middle, especially for long sequences [15, 57].
As illustrated in Figure 1(a), we chose 500 samples from WebQA [10], where the task is to find
and reason about the right image-text pair among five distractors to produce a yes or no answer.
We conducted experiments using VILA [52], a MLLM with state-of-the-art interleaved image-text
comprehension ability, alongside our model. When placing the relevant pair in different positions,
the performance of MLLMs followed a ’U’ shape, indicating a bias in capturing global semantic
information. Consequently, MLLMs encounter difficulties in forming comprehensive representations
that encompass global semantics for retrieval tasks.

(ii) Keenly differentiating the detailed semantics. Some research [47, 82] has found that the
existing generative training framework cannot fully distinguish input semantics in certain contexts,
causing MLLMs to struggle with tasks requiring fine-grained semantics [46, 98]. As depicted in
Figure 1(b), we noticed that MLLMs face challenges in choosing the right description for two similar
images in the MMVP-VLM benchmark [81]. This indicates that MLLMs struggle to effectively
differentiate the detailed semantics of input samples, naturally leading to difficulties in forming
effective queries for retrieval.
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Figure 1: (a) In WebQA [10], the accuracy roughly forms a “U” shape curve when the relevant
image-text pair for a question appears at different positions. While our model also shows similar
trends, it tends to be more stable overall. (b) The accuracy of various types of questions in MMVP-
VLM [81], it can be observed that our model’s performance improves on such tasks after introducing
the discriminative training. Details can be seen in Appendix E.3

In this paper, we argue that the current separated paradigms possess the potential for achieving syner-
gistic gains. We propose Sugar: Structure-induced approach to unify generative and discriminative
paradigms (shown in Figure 2), leveraging discriminative training to acquire the two abilities above
while harnessing the potential of generative training in complex discriminative tasks like image-text
interleaved retrieval and fine-grained retrieval. Specifically, we explicitly impose the semantic rela-
tionships between different input samples as an induced structural constraint on the hidden state of
MLLMs. We consider the interleaved image-text sequence as the general format of input samples, and
then formulate the relationship between any two samples as a dynamic sequence alignment problem
within the Dynamic Time Warping framework [67, 33]. In this way, we can explicitly modulate
the hidden states of the MLLM by leveraging the semantic relationships between interleaved input
sequences, thereby encouraging the MLLM to fully capture the global semantics of the inputs.

To further enhance the ability to differentiate fine-grained semantics, we integrate a novel kernel
into the Dynamic Time Warping framework. Leveraging the strengths of various discriminative
pre-trained models, it performs dynamic sequence alignment for diverse embeddings tailored to
specific contexts, thus addressing the inherent limitations in fully utilizing input semantics. Through
this explicit structure-induced constraint, our framework enables MLLMs to capture the global
semantics and fine-grained details of the input multimodal sequence more effectively, thus bridging
the gap between generative and discriminative training paradigms.
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Figure 2: Our structure-induced generative and discriminative training joint training strategy.

Our method effectively balances both discriminative and generative tasks, demonstrating synergistic
benefits. (i) Large-scale generative pre-trained models possess semantic-rich hidden states [41, 91,
23], which facilitate discriminative tasks like retrieval. Moreover, harnessing the capabilities of
MLLM is crucial for complex discriminative tasks, such as interleaved image-text retrieval and
fine-grained retrieval. (ii) By integrating discriminative tasks, the model’s effectiveness in generative
tasks, particularly within tasks requiring cognitive and discrimination abilities, is enhanced, thereby
mitigating certain occurrences of hallucinations. (iii) We can employ Sugar to realize retrieval-
augmented generation [2], eliminating the need for an off-the-shelf retrieval module [75], thereby
amplifying the performance of various generative tasks. The usage of off-the-shelf retrieval presents
a challenge wherein the retriever’s performance affects the generator’s final output [62]. This
necessitates independent optimization of both components, posing a dilemma in selecting optimal
configurations. However, our approach circumvents such optimization challenges.

Through extensive experimentation, we have demonstrated the effectiveness of our approach. For
generative tasks, Sugar establishes new state-of-the-art results on the tasks for complicated multi-
modal comprehension tasks (i.e., DEMON [47]), fine-grained semantic distinctions (i.e., VizWiz [28],
MME [95]), object hallucinations detection (i.e., POPE [51]) (Section 4.2 and Section 4.3). For
discriminative tasks, we achieved competitive results in image-text retrieval compared, and signifi-
cantly surpassed CLIP in interleaved retrieval and fine-grained retrieval (Section 4.4). Furthermore,
employing the retrieval-augmented generation (RAG) strategy led to further improvements in a series
of generative tasks (Section 4.5).

2 Related Work
Multi-modal Large Language Models. Flamingo [3] and BLIP-2 [49] integrate LLMs with
visual encoders, showcasing impressive zero-shot capabilities by aligning visual features with
language representations. Building upon the advancements of LLaVA-1.5 [55], subsequent stud-
ies [103, 19, 94, 6, 42, 72, 95, 98, 45] propose fine-tuning MLLMs with multimodal instruction
tuning data [102]. Recently, there has been a surge in research [52, 80, 22, 21, 48] dedicated to
enhancing the capacity of MLLMs to process interleaved image-text inputs effectively. However,
these models primarily focus on generative tasks, overlooking the importance of introducing discrimi-
native constraints. In this paper, we propose a structure-induced joint training strategy for unifying
generative and discriminative tasks, further enhancing the capabilities of MLLMs, especially those
requiring cognitive and discriminative abilities.

Vision-Language Pre-training. Vision-Language Pre-training primarily come in two forms: single-
stream and dual-stream. In single-stream models, the embeddings for the image and text modalities are
concatenated and jointly encoded [39, 50], while in dual-stream models, they are encoded by separate
modality-specific encoders with optional cross-modality fusion [73, 31, 5]. These models have shown
effectiveness in tasks such as classification and retrieval. However, they face challenges including
difficulty in processing complex composed sequences [53, 54] and limited ability to discern detailed
semantic differences [81, 79]. Recent attempts to utilize generative MLLMs for discriminative
tasks have faced limitations, such as singular discriminative tasks [89], weak discriminative task
performance [40], poor generalization [59], and compromised generative capabilities [8].

LLMs for Retrieval. Early models for retrieval primarily focused on word representations [16, 64,
74], with minimal generative capabilities. Some recent works have endeavored to fine-tune generative
pre-trained LLMs to generate discriminative embeddings, albeit at the expense of compromising the
model’s original generative capabilities [44, 70, 65, 63, 24, 71]. GRIT [66] integrates generative and
discriminative tasks in NLP and demonstrates mutual benefits between them. However, its training
cost is prohibitively high compared to individual tasks. Moreover, due to its specialized attention
mechanism, the model can only be trained from scratch.

Retrieval-Augmented Generation. Retrieval-Augmented Generation (RAG)[25, 69], which har-
nesses the advanced inference capabilities of LLMs along with external knowledge, has the potential
to significantly mitigate issues related to long-tail entities and reduce the occurrence of hallucina-
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tory responses [29, 36, 101, 77, 90, 92, 97]. Recently, there have also been related studies in the
multimodal domain attempting to utilize retrieval augmentation [93, 96]. These methods typically
require an additional retrieval module (e.g., CLIP), leading to component optimization challenges
where the overall model performance is affected by the performance of the retrieval model, as well
as concerns regarding the compatibility between the retrieval model and the MLLMs. Furthermore,
retrieval modules like CLIP struggle to handle compositional or fine-grained scenarios, posing certain
challenges for retrieval.

3 Method
As illustrated in Figure 3, we initially introduce the problem formulation and offer an overview of
our structure-induced joint training strategy in Section 3.1. Subsequently, we delve into the specifics
of dynamic sequence alignment algorithm in Section 3.2. Finally, we further introduce the Triple
Kernel to aid in discriminating detailed semantics in Section 3.3.

3.1 Problem Formulation and Architecture Overview
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Figure 3: (a) Dynamic Sequence Alignment. Semantically matched slices are connected with a
blue dashed line. The arrows indicate the direction of the ordered temporal alignment path. With
these alignments, we can obtain the similarity between two interleaved inputs for training. (b) Sugar
Framework. Sugar supports both multi-modal generation and retrieval simultaneously.

We view the interleaved image-text sequence as the general format for input samples, where im-
ages and textual data are alternately arranged. Typically, Multimodal Large Language Models
(MLLMs) [55, 52, 11, 6] are tailored to generate text based on such input sequences, and it is
conventionally optimized using self-regressive loss Lg. A special scenario arises when the input
comprises only one image and a question, prompting the MLLMs to generate an answer accordingly.

While intuitive, this optimization objective solely supervises text generation and lacks constraints on
the hidden states of the entire interleaved sequence input. Additionally, the existing generative training
framework struggles to fully distinguish input semantics in certain contexts, such as discerning
fine-grained object details. Consequently, it fails to adequately capture the global information or
distinguish detailed semantics of the input samples.

Hence, we introduce a structure-induced constraint Ld (see in Figure 2), which explicitly imposes
the semantic relationships between different input samples as an induced structural constraint on the
hidden states of MLLMs, facilitating the model in capturing global semantics. We conceptualize
the derivation of semantic relationships between input samples as a Dynamic Sequence Alignment
problem [67]. Additionally, we straightforwardly select a token in the hidden state of the MLLM to
encompass all preceding input information, eliminating the need for training any specialized tokens.

To further effectively distinguish detailed semantics, we integrate a novel kernel into the Dynamic
Time Warping framework. Leveraging the strengths of various discriminative pre-trained models.
Combined with this newly proposed loss with a hyperparameter α, the training objective can be
formulated as:

L = Lg + αLd (1)

3.2 Dynamic Sequence Alignment

We formulate the computation of relationships within input interleaved sequences as a dynamic
sequence alignment problem, and solve it by global alignment kernel. For two interleaved image-text
sequence, each consisting of n and m images/sentences in total respectively (which we’ll refer to as
slices later on). We encode and normalize each slice, resulting in two sequences x = (x1, . . . , xn) and
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y = (y1, . . . , ym) all of which take values in a state space X , that is two elements of X ⋆ def
=
⋃∞
i=1 X i.

In our setting, X is simply Rd, d refers to the feature dimension. We define the global alignment
kernel as follows, and it has been proved to be positive-definite under mild conditions and may prove
more robust to quantify the similarity of two sequences [73, 68]:

K(x,y) =
∑

π∈A(x,y)

|π|∏
i=1

e−ϕσ ∈ (0, 1] (2)

Following the suggestion by [18], we let φσ = 1
2σ2φ

(
xπ1(i), yπ2(i)

)
+ log(2− e−

φ(xπ1(i),yπ2(i))
2σ2 ),

σ is standard deviation, and it can be calculated by σ = δ
√

M+N
2 for xi, yi in x, y. δ is a fixed

pre-defined hyperparameter and φ
(
xπ1(i), yπ2(i)

)
is the distance between slice xπ1(i) and yπ2(i) for

an alignment (details for the definition of alignment can be seen in Appendix D.2).

Due to the causal attention mechanism, the token in hidden state of MLLM can encapsulate infor-
mation from preceding tokens in the sequence. Therefore, we directly utilize the last token di of a
sequence from the MLLM’s hidden state and map it to the ri using an MLP to represent the entire
in-context sequence. During training, we obtain a set of (r1, r2, . . . , rn) and their corresponding input
sequence embedding set (x1, x2, . . . , xn). It is noteworthy that ri and rj (xi and xj) may originate
from the same sequence but occupy different positions, thus enabling our method to utilize samples
more efficiently.

Leveraging the GAK, we can derive the similarity matrix of (r1, r2, . . . , rn) and (x1, x2, . . . , xn)
distinctively, denoted as Mr,Ml ∈ Rn×n. For imposing the semantic relationships between different
input samples as an induced structural constraint on the hidden state of MLLMs, we employ Mean
Squared Error (MSE) loss aligned Mr with the label matrix Ml. This approach eliminates the
need for pre-defined label (i.e., positive and negative candidates) during training, allowing seamless
integration into the aforementioned training framework (for specific training templates, please refer
to Appendix E.1). Thus, we have the discriminative loss Ld:

Ld =
1

n

n∑
i=1

n∑
j=1

(mr
ij −ml

ij)
2

(3)

Additionally, when both x and y contain only one slice, the computed result of the formula is mono-
tonically increasing with the directly calculated cosine similarity (proof can be seen in Appendix 3).
Therefore, in such cases, we simplify the computation by directly using cosine similarity. If ri and rj
comes from the same input interleaved sample, we manually set ml

ij = 1.

3.3 Detailed Semantics Modeling

To further effectively distinguish detailed semantics, we further propose the Triple Kernel (TK), a
positive definite kernel compatible with the previous framework. The TK leverages representations
from diverse pre-trained discriminative models across uni-modal and cross-modal settings, harnessing
their respective strengths. The definition is as below:

For two slice a, b ∈ Rd, meets (i) |a| = |b| = 2 , d = d1+d2, a = concat(a1, a2), b = concat(b1, b2),
a1, b1 ∈ Rd1 , a2, b2 ∈ Rd2 and |a1| = |a2| = |b1| = |b2| = 1; or (ii) |a| = |b| = 1. We define tripe
kernel as follows:

φ(a, b) =

 ||a1 − b1||2 |a| = |b| = 2 and a, b in uni-modal
||a2 − b2||2 |a| = |b| = 2 and a, b in cross-modal
||a− b||2 else

(4)

We prove triple kernel φ is a conditionally positive-definite kernel defined on X × X → R (Ap-
pendix 2), aligning with the kernel definition in [18], thereby possessing its properties.

In practice, we let the feature dimension d = d1 + d2. For images, we employ DINOv2-base [68]
and CLIP ViT-L/14 [73] for encoding, then concatenate the embeddings after normalization. For
sentences, we utilize BGE-base [87] and CLIP ViT-L/14, keeping the dimension unchanged. By
utilizing the Triple Kernel, we can fully leverage the strengths of these three models, effectively
distinguishing detailed semantics.
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Method LLM Res. VQAv2 GQA VizWiz SQAI VQAT POPE MMEP MMEC MMB LLaVAWd MM-Vet

BLIP-2 [49] Vicuna-13B 224 41.0 41 19.6 61 42.5 85.3 1293.8 290.0 – 29.1 22.4
InstructBLIP [19] Vicuna-7B 224 – 49.2 34.5 60.5 50.1 – – – 36 – 26.2
InstructBLIP [19] Vicuna-13B 224 – 49.5 33.4 63.1 50.7 78.9 1212.8 291.9 – – 25.6
Shikra [12] Vicuna-13B 224 77.4∗ – – – – – – – 58.8 – –
IDEFICS-9B [42] LLaMA-7B 224 50.9 38.4 35.5 – 25.9 – – – 48.2 – –
IDEFICS-80B [42] LLaMA-65B 224 60.0 45.2 36.0 – 30.9 – – – 54.5 – –
Qwen-VL [6] Qwen-7B 448 78.8∗ 59.3∗ 35.2 67.1 63.8 – – – 38.2 – –
Qwen-VL-Chat [6] Qwen-7B 448 78.2∗ 57.5∗ 38.9 68.2 61.5 – 1487.5 360.7 60.6 – –
LLaVA-1.5 [55] Vicuna-7B 336 78.5∗ 62.0∗ 50.0 66.8 58.2 85.9 1510.7 – 64.3 49.0 30.5
VILA-7B [52] Llama-2-7B 336 79.9∗ 62.3∗ 57.8 68.2 64.4 85.5 1533.0 296.1 68.9 70.0 34.9
Sugar Vicuna-7B 336 76.0∗ 58.7∗ 60.4 69.4 57.5 86.6 1550.8 300.0 64.9 75.6 31.3

Table 1: Comparison with state-of-the-art methods on 11 visual-language benchmarks. We mark
the best performance bold and the second-best underlined. Benchmark names are abbreviated due
to space limits. VQA-v2 [27]; GQA [35]; VizWiz [28]; SQAI: ScienceQA-IMG [61]; VQAT:
TextVQA [76]; POPE [51]; MMEP, MMEC: MME Perception, MME Cognition [95]; MMB:
MMBench [58]; LLaVAWd: LLaVA-Bench(In-the-Wild)-Detail [56]; MM-Vet [99]. ∗ indicates the
training images of the datasets are observed during training.

4 Experiments

To assess Sugar’s generative ability, we conduct a comprehensive comparison with state-of-the-art
models on 11 commonly used visual-language benchmarks in Section 4.2. Furthermore, we evaluate
more complicated multimodal comprehension tasks on DEMON with 29 datasets in Section 4.3.
For discriminative tasks, we compare performance across three different retrieval tasks: image-text
retrieval, interleaved retrieval, and fine-grained retrieval in Section 4.4. Subsequently, we leverage
Sugar’s discriminative ability for retrieval-augmented generation compared with common used
retrieve module in Section 4.5. Finally, we conduct ablation experiments to analyze the effectiveness
of our method in Section 4.6.

4.1 Setup

We apply our method to VILA [52], a recent state-of-the-art MLLM supporting interleaved input.
We further fine-tune VILA using LoRA [30]. Details about the experiments setting, datasets and the
instruction examples, please check in Appendix E.

4.2 Multimodal Comprehension on 11 Benchmarks

We conduct a comprehensive comparison with state-of-the-art models on 11 commonly used bench-
marks, as shown in Table 1. Compared to existing models, Sugar achieves remarkable improvements
over the second-best performing model on tasks requiring fine-grained semantics (i.e., LLaVAWd [56],
VizWiz [28], SQA [61] improve by 8%, 4.5%, 1.8% respectively) and benchmarks for detecting
hallucinations (i.e., POPE [51]), while maintaining competitive results in other tasks. Notably, Sugar
excels in discriminative tasks and still achieves 5 state-of-the-art results and 3 second-best results on
11 benchmarks for generative tasks, even outperforming some models larger than 7B. Our results
demonstrate the benefits of incorporating the discriminative loss, aiding in fine-grained semantic
tasks and reducing hallucinations.

4.3 Complicated Multimodal Comprehension on DEMON

Table 2 demonstrates the superior performance of Sugar on the DEMON benchmark, which comprises
7 categories and a total of 29 sub-tasks. These tasks are considerably more complex than the previously
used 11 common benchmarks. DEMON is tailored to evaluate the capacity of models and systems to
understand demonstrative instructions that include multiple, interleaved, and multimodal contexts,
presenting the essential information needed to complete a task. Sugar surpasses the previous state-
of-the-art model on the DEMON benchmark, VPG-C [47], across 6 of 7 categories. For example,
we achieve performance improvements of 36.1% in Text-Rich Images QA (TRQA) tasks and 17.2%
in Visual Relation Inference (VRI) tasks, both of which require detailed semantics, compared to
the second-best performing model. This underscores our advanced ability to associate interleaved
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LLM MMD VST VRI MMC KGQA TRQA MMR
OpenFlamingo [4] MPT-7B 16.9 24.2 13.9 21.7 32.0 30.6 41.6
BLIP-2 [49] Vicuna-13B 26.1 21.3 10.7 17.9 39.2 33.5 39.7
InstructBLIP [19] Vicuna-7B 33.6 24.4 11.5 21.2 47.4 44.4 48.6
MiniGPT-4 [103] Vicuna-7B 13.7 17.1 8.0 16.6 30.3 26.4 43.5
LLaVA [56] Vicuna-7B 7.8 10.7 8.3 15.9 36.2 28.3 41.5
mPlug-Owl [94] LLaMA-7B 12.7 19.3 5.4 16.3 33.3 32.5 42.5
VPG-C [47] Vicuna-7B 37.5 25.2 25.9 22.2 48.6 44.9 50.3
VILA-7B [52] Vicuna-7B 47.8 25.8 13.2 17.2 60.1 42.1 50.5

Sugar Vicuna-7B 51.8 34.3 32.3 16.8 64.4 65.9 51.7

Table 2: Comparision with state-of-the-art method on DEMON [47] benchmark.

(a) MSCOCO

Model R@1 R@5 R@10
Text → Image

FROMAGe(d) 23.4 47.3 59.0
FROMAGe(g+d) 23.4 47.2 58.0
Sugar 22.0 49.1 63.1

Image → Text
FROMAGe(d) 26.8 52.4 63.6
FROMAGe(g+d) 26.4 52.3 63.4
Sugar 25.6 53.6 66.7

(b) VIST

Model Inputs R@1 R@5 R@10

CLIP ViT-L/14 5c 5.9 19.5 28.0
FROMAGe 5c 11.9 23.8 31.7
Sugar 5c 10.1 26.3 36.2

BLIP† 5c 6.2 16.8 23.4
CLIP ViT-L/14† 5c 8.8 22.3 29.8
FROMAGe† 5c 13.2 28.5 36.7
Sugar† 5c 11.0 27.3 37.0
CLIP ViT-L/14 5c+4i 2.4 21.3 34.0
FROMAGe† 5c+4i 18.2 42.7 51.8
Sugar† 5c+4i 21.9 46.7 59.2

(c) Winoground

Model Text Image Group
VinVL 37.8 17.8 14.5
UNITERlarge 38.0 14.0 10.5
VisualBERTbase 15.5 2.5 1.5
ViLLAlarge 37.0 13.25 10.0
ViLT ViT-B/32 34.8 14.0 9.3
LXMERT 19.3 7.0 4.0
ViLBERTbase 23.8 7.3 4.8
FLAVAITM 32.3 20.5 14.3
FLAVAcontrastive 25.3 13.5 9.0
CLIP ViT-B/32 30.8 10.5 8.0
Sugar 40.0 36.3 27.0

Table 3: Retrieval results compared with previous models, reported by Recall@k for (a)(b) and
Accuracy (%) for (c). (a) MSCOCO for image-text retrieval: FROMAGe(d) indicates the FROMAGe
model pre-trained only with discriminative loss, and FROMAGe(g+d) indicates joint training with
both discriminative and generative losses. (b) VIST for interleaved retrieval: † indicates retrieval
over images not previously seen in the story sequence. "5c+4i" is shorthand for 5 captions and 4
images, and "5c" is shorthand for 5 captions. (c) Winoground for fine-grained retrieval.

text-image inputs for stronger in-context understanding, and Sugar’s strong capability to capture
global semantics in interleaved sequences, facilitated by joint training with discriminative loss.

4.4 Zero-shot Cross-modal Information Retrieval

Image-text Retrieval. We evaluated the performance of Sugar on the widely adopted MSCOCO [38]
dataset in the context of a standard image-text retrieval task. Sugar demonstrated comparable
performance to FROMAGe [40] in R@1 and surpassed it in R@5 and R@10, highlighting Sugar’s
superiority in normal retrieval tasks.

Interleaved Retrieval. To assess the proficiency of Sugar in processing multimodal contextual
information, we evaluated its performance in retrieving relevant images conditioned on sequences
of interleaved image-text inputs from the Visual Storytelling (VIST) dataset [32]. We conducted
evaluations across several experimental configurations, following the same setup as FROMAGe [40]
(see Appendix F.1). Our results show that Sugar outperforms FROMAGe in most settings, particularly
achieving a 20.3% improvement in the 5c+4i configuration, significantly surpassing both CLIP and
BLIP-2. This demonstrates that our method effectively leverages MLLMs’ ability to handle complex
interleaved sequence inputs, thereby achieving superior retrieval performance.

Fine-grained Retrieval. We tested fine-grained retrieval using the Winoground dataset [79], which
evaluates the ability to perform vision-linguistic compositional reasoning. Surprisingly, Sugar
outperformed all discriminative pre-trained models (both single-stream and dual-stream encoder
architectures), achieving improvements of 5.3%, 77.1%, and 86.2% over the second-best model in
the Text, Image, and Group dimensions, respectively. This demonstrates Sugar’s strong capability to
distinguish detailed semantics and performing compositional reasoning.

4.5 Retrieval-Augmented Generation

Due to Sugar’s dual capabilities in both discrimination and generation, we can achieve retrieval
augmentation without the need for an additional retrieval module. For performing retrieval-augmented
generation (RAG), we selected two tasks, namely VizWiz and SQAI, as they offer held-in data that
were not seen during model training. We utilized a mixed set comprising the widely-used LLaVA-1.5
SFT subset and the held-in datasets of the two tasks as the knowledge base and employed different
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(a) Retrieval-Augmented Generation

VizWiz SQAI

LLaVA-1.5 50.0 66.8
+CLIP 42.6(−14.8%) 62.0 (−8.6%)
+BLIP2 43.0(−14.0%) 62.5 (−6.4%)

VILA 57.8 64.4
+CLIP 49.3 (−14.7%) 65.7 (+0.6%)
+BLIP2 49.6 (−14.2%) 66.1 (+2.6%)

Sugar 60.4 69.4
+RAG 61.9 (+2.5%) 71.9 (+3.6%)

(b) Ablation Study

Generative Tasks Discriminative Tasks
SQAI POPE KGQA MSCOCO VIST Winoground

Sugar 72.6 86.6 64.4 49.1 46.7 36.3
w/o datad 72.8 85.3 61.7 49.6 42.0 34.8
w/o datag 68.0 86.4 62.5 46.0 40.7 33.5
w/o GAK 72.1 86.0 61.1 48.2 33.5 29.3
w/o TK 71.6 85.3 63.9 49.0 44.1 20.5
w/o AvgPool 72.4 86.2 64.6 39.7 38.1 31.5

Table 4: (a) Retrieval-Augmented Generation. (b) Ablation Study. For MSCOCO, we report the
R@5 in text-to-image retrieval. For VIST, we report the R@5 of retrieving an image given 5 captions
and 4 images. For Winoground, we report the Image score. For other tasks, we report Accuracy (%).

retrieval modules to retrieve relevant knowledge for the MLLM. The results are as follows: (i) We
observed a drop in performance for LLaVA-1.5 with RAG in all tasks. This may be because LLaVA
is designed solely for single-image input, without the ability to utilize in-context external knowledge.
(ii) Compared to VILA, Sugar’s performance improved in both tasks, whereas VILA improved in
SQAI but decreased in VizWiz. These findings suggest that Sugar’s retrieved knowledge is more
beneficial, while the knowledge retrieved by CLIP and BLIP-2 may hinder performance.

4.6 Ablations

Importance of Both Tasks. (1) w/o datag: As shown in Table 4, when we reduce the amount of
data for discriminative tasks (Row 2), there are performance drops of 1.5% in hallucination detection
tasks (i.e., POPE) and 4.2% in interleaved multi-modal comprehension tasks (i.e., KGQA). (2) w/o
datad: Similarly, reducing the data for generative tasks (Row 3), the performance on generative tasks
declines with a 10.1% decrease in VIST, which requires global semantics capturing, and a 4.1%
decrease in Winoground, which necessitates fine-grained semantic understanding. This indicates that
generative and discriminative training can mutually benefit each other.

Effectiveness of Individual Components. (1) w/o GAK: When we exclude the Global Alignment
Kernel (GAK) (Row 4) and resort to using the average similarity for the slices, a notable decrease in
performance is observed across several interleaved image-text tasks (i.e., a 5.1% decrease in KQGA
and a 28.3% decrease in VIST). This underscores the fundamental role of GAK in aiding Sugar to
capture global semantics effectively. (2) w/o TK: Upon removal of the Triple Kernel (TK) (Row
5) and utilization of CLIP for encoding the input sequence instead, a dramatic performance decline
is evident in Winoground, with a 43.5% decrease. This underscores the significant role of TK in
facilitating the distinction of detailed semantics. (3) w/o AvgPool: When solely using the last token
for retrieval, a general decline in performance is observed across discriminative tasks, with decreases
of 19.1% for MSCOCO, 22.6% for VIST, and 13.2% for Winoground. This phenomenon may be
attributed to the last token of an image often corresponding to a pooling token, containing relatively
weaker semantic information. Utilizing all image tokens and performing AvgPooling tends to yield
greater improvements in retrieval tasks.

5 Conclusion

Vision-Language Models (VLMs) have been trained using both generative and discriminative
paradigms, each with distinct advantages and limitations. To bridge this gap, we introduce Structure-
induced approach to unify generative and discriminative paradigms, which imposes semantic rela-
tionships between input samples, thereby enhancing the MLLM’s ability to capture global semantics
and distinguish fine-grained details. This approach effectively balances generative and discriminative
tasks, yielding synergistic benefits. Extensive experiments demonstrate the effectiveness of our
approach, achieving state-of-the-art results in multiple generative tasks, particularly those requiring
cognitive and discrimination abilities, while also demonstrating competitive performance in discrim-
inative tasks such as image-text retrieval and achieving state-of-the-art results in interleaved and
fine-grained retrieval. Furthermore, employing a retrieval-augmented generation strategy within a
single model leads to additional improvements, offering a promising direction for future research.
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A Broader Impact

The broader impact of Sugar, carries both potential benefits and risks upon deployment and release.
Some considerations are unique due to their visual nature, while others mirror existing instruction-
following Large Language Models (LLMs). Built upon Vicuna, CLIP, DINOv2, and BGE, Sugar
inherits issues associated with LLMs and vision encoders. Below, we outline risks and mitigation
strategies for its release.

Hallucination. Similar to other MLLMs, Sugar may generate outputs detached from facts or input
data, posing concerns, especially in critical applications like medicine and the field related to security.

Biases. Bias from base models can transfer to Sugar, originating from both the vision encoder (CLIP)
and the language decoder (Vicuna), potentially leading to biased outcomes or unfair representations.

Ethical Impacts. This study doesn’t raise ethical concerns, as it doesn’t involve subjective assess-
ments or private data, only utilizing publicly available datasets.

Expected Societal Implications. A significant societal concern lies in potential misuse, such as
fabricating unauthorized texts leading to misinformation, privacy breaches, and other damaging
consequences. Strong ethical standards and ongoing surveillance are essential for mitigation.

These issues aren’t unique to our method but are prevalent across different techniques for multi-
concept customization. Despite the risks, we believe the benefits outweigh the potential harm,
allowing ongoing investigation and improvement of the model while engaging the community in
developing better mitigation strategies. Moreover, its release can foster new applications and research
directions, contributing to the progress and responsible deployment of foundation models in vision-
language tasks.

B Limitations

(i) Our method, while effective, may inherit limitations from the underlying models, such as halluci-
nation in generating outputs detached from facts or input data and potential biases originating from
the model we used. (ii) The training data might inevitably contain mismatched image and text, which
could adversely affect training.

C Mathematical Proof

Theorem 1. The alignment kernel K can be computed in quadratic complexity, namely in O(mnd2)
iterations. where m,n denotes the length of two sequence and their hidden dimension all is d,
m,n, d ∈ R.

Proof. Given x = (x1, . . . , xn) and y = (y1, . . . , ym) two sequences of X ⋆, we set the double-
subscripted series Mi,j as Mi,0 = 0 for i = 1, ..., n, M0,j = 0 for j = 1, ...,m, and M0,0 = 1.
Computing recursively for (i, j) ∈ {1, ..., n} × {1, ...,m} the terms

Mi,j = (Mi,j−1 +Mi−1,j−1 +Mi−1,j)k(xi, yj)

we obtain that K(x, y) = Mn,m The result can be proved by recursion and is intuitively an equivalent
of the Dynamic Time Warping(DTW) [67, 17] algorithm where the max-sum algebra is simply
replaced by the sum-product one [18].

Theorem 2. triple kernel φ is a conditionally symmetric positive-definite kernel [18] defined on
X × X → R.

Proof. (i) for two slice a, b ∈ Rd, meets |a| = |b| = 2 , d = d1 + d2, a = concat(a1, a2), b =
concat(b1, b2), a1, b1 ∈ Rd1 , a2, b2 ∈ Rd2 and |a1| = |a2| = |b1| = |b2| = 1:
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let a′ = concat(a′1, a
′
2, a

′
3), a

′ = concat(b′1, b
′
2, b

′
3): when a′(b′) is from text modal, we let a′ =

concat(a1, a2, 0)(b′ = concat(b1, b2, 0)), and a′ = concat(a1, 0, a2)(b′ = concat(b1, 0, b2)) for
image modal. 0 ∈ Rd2 . we can unify the Equation 4 first and second case in:

φ(a, b) = φ(a′, b′)

= (|a′2||b′2|+ |a′3||b′3|)||a′1 − b′1||2 + (1− |a′2||b′2|)||a′2 − b′2||2

+ (1− |a′3||b′3|)||a′3 − b′3||2

≥ (|a′2||b′2|+ |a′3||b′3|)||a′1 − b′1||2 + 0 + 0

≥ 0

As (1−|a′2||b′2|) ≥ 0 and (1−|a′3||b′3|) ≥ 0. for any family α1, α2, ...αn ∈ X and c1, c2, ..., cn ∈ R,
we have that ∑

i,j

cicjφ(xi, xj) =
∑
i,j

cicjφ(x
′
i, x

′
j) ≥ 0

(ii) for two slice meets |a| = |b| = 1: for any family α1, α2, ...αn ∈ X and c1, c2, ..., cn ∈ R, we
have that ∑

i,j

cicjφ(xi, xj) =
∑
i,j

cicj ||xi − xj ||2 ≥ 0

Additionally, it’s evident that for both (i) and (ii), φ(a, b) = φ(b, a). Therefore, triple kernel φ is a
conditionally symmetric positive-definite kernel defined on X × X → R

Theorem 3. when both x and y contain only one slice, GAK is monotonically increasing with the
directly calculated cosine similarity.

Proof. let x = (x), y = (y), and cosine similarity of x and y is cos = cos < x, y >. we can get

σ = δ

√
M +N

2
= δ

√
1 + 1

2
= δ

and we have φ(a, b) = |a|2 + |b|2 − 2cos < a, b >= 2(1− cos < a, b >), thus:

φσ =
1

2σ2
φ
(
xπ1(i), yπ2(i)

)
+ log

(
2− e−

φ(xπ1(i),yπ2(i))
2σ2

)

=
1

2δ2
φ
(
xπ1(i), yπ2(i)

)
+ log

(
2− e−

φ(xπ1(i),yπ2(i))
2δ2

)

=
1− cos < a, b >

δ2
+ log

(
2− e−

1−cos<a,b>

δ2

)
Letting t = 1−cos<a,b>

δ2 and substituting the result of φσ = t + log(2 − e−t) into Equation 2, we
obtain:

K(x,y) =
∑

π∈A(x,y)

|π|∏
i=1

e−ϕσ

= e−ϕσ

= e
−t+log( 1

2−e−t )

=
e−t

2− e−t

Letting s = e−t, we can further obtain:

K(x,y) =
s

2− s
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As cos⟨a, b⟩ ∈ [−1, 1], s strictly increases with cos⟨a, b⟩ and s ∈ [e−
2
δ2 , 1] when the hyperparameter

δ is fixed. Derivative of K(x,y) can be obtained:

K(x,y)′ =
2− s+ s

(2− s)2
=

2

(2− s)2
> 0

Overall, when both x and y contain only one slice, GAK is monotonically increasing with the directly
calculated cosine similarity.

D Method Details

D.1 Architecture Details

We adopt the manifold multimodal model architecture [55, 52, 11, 6, 34], formulated as follows:

Visual Representation. We first process ximg subject to a visual representation backbone Vω that
outputs a sequence of features pimg ∈ RL×hvision where pimg = Vω(ximg). As an example, pimg might
be the patch features output by a Vision Transformer.

Vision-Language Projector. Next, we map pimg to a sequence of embeddings eimg ∈ RL×htext via a
learned projector Fψ , where eimg = Fψ(pimg).

Language Model. Finally, we concatenate the sequence eimg with the text prompt embeddings
eprompt = embed(uprompt), passing the result to the language model. Generally, we have the interleaved
image-text input xinput by concatting all the eprompt and eimg. The language model generates output
text ugen = LMθ(xinput).

Retrieval Projector. For discriminative tasks, we select the token di from MLLM’s hidden state and
map it to ri via a learned projector Fφ.

In Implementation, we utilize CLIP ViT-L/14 [73] as the visual encoder, and Vicuna 1.5 [14] as the
language model.

D.2 Sequence Alignment

An alignment π of length |π| = p between two sequences x and y is a pair of increasing p-tuples
(π1, π2) such that

1 = π1(1) ≤ ... ≤ π1(p) = n,
1 = π2(1) ≤ ... ≤ π2(p) = m,

(5)

We write A(x, y) for the set of all possible alignments between x and y. Intuitively, an alignment π
between x and y describes a way to associate each element of a sequence x to one or possibly more
elements in y, and vice versa. Such alignments can be conveniently represented by paths in the n×m
grid displayed in the left of Figure 3.

with unitary increments and no simultaneous repetitions, that is ∀1 ≤ i ≤ p− 1,

π1(i+ 1) ≤ π1(i) + 1, π2(j + 1) ≤ π2(j) + 1,
(π1(i+ 1)− π1(i)) + (π2(i+ 1)− π2(i)) ≥ 1.

(6)

The score on a path is defined as:

S(π) =

|π|∑
i=1

φ(xπ1(i), yπ2(i)) (7)
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E Experimental Details

E.1 Datasets

Training Data. Our vision-language task datasets are a subset of VILA [52], including
MMC4 [104], COYO [9], LLaVA-1.5 SFT dataset [55].

We use a prompt template formatted as (system-message is a system prompt from Vicuna, and the
following messages all have the same meaning.):

{system-message}. USER: <image>\n {question}. ASSISTANT: {answer}.

For interleaved vision-language datasets, the template is formatted as:

{system-message}. USER: {interleaving question}. ASSISTANT: {answer}.

Training Strategy. To jointly train the discriminative loss and generative loss, we calculate the loss
as follows. Since the last token of an image is often a padding token, we take all 576 hidden state
tokens before the LM head for images and apply average pooling to obtain a single token. For text,
we directly take the last toke in the hidden state of MLLM.

During training, We calculate the discriminative loss using the last token from either the end of the
text or the image in the MLLM’s hidden state. Notably, in an interleaved input sequence with multiple
texts or images, we randomly select multiple last tokens from the same sequence to more efficiently
utilize the samples.

Evaluation Data. For generative tasks, we first evaluate on a wide range of question-answering
tasks and some MLLM-oriented comprehension benchmarks, including VQA-v2 [27], GQA [35],
VizWiz [28], ScienceQA-IMG [61], TextVQA [76], POPE [51], MME [95], MMBench [58], LLaVA-
Bench (In-the-Wild) [56], MM-Vet [99] and. The split of test sets and the evaluation metrics are
aligned with those described in VILA[52] and LLaVA [55].

To test the generative ability in interleaving tasks, we use DEMON [47], a comprehensive benchmark
that demonstrative instruction following ability, including a wide variety of multi-modal datasets
from different fields and scenarios.

For generation tasks, our evaluation encompasses MSCOCO [38] for image-text retrieval, Visual
Storytelling (VIST) [32] for interleaved retrieval and Winoground [79] for fine-grained retrieval.

E.2 Training

We train the parameters for both the LLM and the MLP for embedding the MLLM’s hidden state,
initializing from VILA [52]. To enhance efficiency for the LLM, we employ LoRA tuning [30] on the
Wq and Wv matrices using low-rank adaptation. In our implementation, we set the rank r = 128 and
α = 256. We utilize the AdamW optimizer [60] in conjunction with a cosine learning rate scheduler.
The hyperparameters for the AdamW optimizer are configured with a warm-up ratio of 0.03 and a
maximum learning rate of 1e− 4. Training is conducted on 8 x A800 GPUs for approximately 12
hours.

E.3 Introduction Experiment Details

(a) WebQA. The original WebQA contains two types of questions: "Qcate": "text" (open-ended
questions) and "Qcate": "YesNo" (binary judgment questions). For ease of evaluation, we only used
the second type. We selected 500 samples of the "YesNo" question type from WebQA [10], each
containing one relevant image-text pair and five unrelated image-text pairs. Since the original data
provides responses in declarative sentences, we modified the answers of these samples to be either
"yes" or "no" by prompting with "please answer the question in Yes or No."
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We transformed this dataset into a question-answering format. Each question takes the following
form (Due to display problems, we have performed line breaks, the same below.):

{system-message}. USER: {qustion}\n{image-text pairs}.\n
please answer the question in Yes or No.\n
ASSISTANT: {answer}.

Here is a case for one sample in Figure 5:

{system-message}. USER: Did the professional basketball team from Atlanta wear red uniforms during the 2015 NBA season?\n

Fine-grained Image Discrimination

Yes

mike scott 2015 Mike Scott of the 
Atlanta Hawks, making a lay-up against 
the Washington Wizards at the Verizon 
Center\n

Madonna Rebel Heart Tour Rebel Heart Tour\n

David Allan Coe David Allan Coe, 
performing in 2008\n

Cannibal Corpse Rockharz 2018 14 The American 
death metal band Cannibal Corpse at 25th Rockharz
Open Air 2018 in Ballenstedt, Germany.\n

useful

Absolute Body Control Blackfield 2015 03 
The Belgian EBM project Absolute Body 
Control at the Blackfield festival 2015 in 
Gelsenkirchen/Germany\n

Miranda Cosgrove, Steve Carell, Australian 
premiere, Despicable Me 2-2 Miranda 
Cosgrove and Steve Carell at Despicable Me 2 
red carpet movie premiere at Event Cinemas, 
Bondi Junction, Sydney, Australia.\n

Sugar

Figure 5: A Case for WebQA. The index for the useful pair is three.

In WebQA, the accuracy roughly forms a "U" shape curve when the relevant image-text pair for a
question appears at different positions. While Sugar also shows similar trends, it tends to be more
stable overall. Specific numerical results can be found in Table 5.

Index 1 2 3 4 5 6
VILA 50.0 49.0 47.4 44.4 44.4 49.0
Sugar 63.8 60.4 59.6 59.2 60.4 61.0

Table 5: Specific accuracy (%) values displayed on WebQA. The index indicates the position of the
useful image-text pair, denoting which position it occupies in the sequence.

(b) MMVP-VLM Benchmark. MMVP-VLM [81] contains 30 carefully annotated images in each
dimension of capability, with pairs of images being highly similar to each other (as indicated by their
high similarity scores in CLIP). To evaluate the discriminative ability of generative models on these
finely nuanced images, we transformed this dataset into a question-answering format. Each question
takes the following form:

{system-message}. USER: First Image:<image>\nSecond Image:<image>\n

which choice meets the first image:\n

A.{data["Statement"]}\nB.{data["Statement2"]}\n.please answer in A or B

ASSISTANT: {answer}.

Among them, both Statement 1 and Statement 2, as well as Image 1 and Image 2, are highly similar,
with only subtle differences. Furthermore, there is a corresponding relationship between Image 1
and Statement 1, and between Image 2 and Statement 2. We employed a random seed to ensure that
the correct answer is equally distributed between option A and option B. The specific values for the
experiment are provided in Table 6.
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Image
Size ☼ Û L � , h Ô k � Average

OpenAI ViT-L-14 [73] 2242 13.3 13.3 20.0 20.0 13.3 53.3 20.0 6.7 13.3 19.3
OpenAI ViT-L-14 [73] 3362 0.0 20.0 40.0 20.0 6.7 20.0 33.3 6.7 33.3 20.0
SigLIP ViT-SO-14 [100] 2242 26.7 20.0 53.3 40.0 20.0 66.7 40.0 20.0 53.3 37.8
SigLIP ViT-SO-14 [100] 3842 20.0 26.7 60.0 33.3 13.3 66.7 33.3 26.7 53.3 37.0
DFN ViT-H-14 [20] 2242 20.0 26.7 73.3 26.7 26.7 66.7 46.7 13.3 53.3 39.3
DFN ViT-H-14 [20] 3782 13.3 20.0 53.3 33.3 26.7 66.7 40.0 20.0 40.0 34.8
MetaCLIP ViT-L-14 [88] 2242 13.3 6.7 66.7 6.7 33.3 46.7 20.0 6.7 13.3 23.7
MetaCLIP ViT-H-14 [88] 2242 6.7 13.3 60.0 13.3 6.7 53.3 26.7 13.3 33.3 25.2
EVA01 ViT-g-14 [78] 2242 6.7 26.7 40.0 6.7 13.3 66.7 13.3 13.3 20.0 23.0
EVA02 ViT-bigE-14+ [78] 2242 13.3 20.0 66.7 26.7 26.7 66.7 26.7 20.0 33.3 33.3
VILA-7B [52]† 3362 36.7 46.7 53.3 43.3 50.0 60.0 50.0 46.7 50.0 48.5

Sugar† 3362 56.7 50.0 63.3 50.0 60.0 66.7 56.7 63.3 53.3 57.8

Table 6: Performance Comparison of VILA and Various CLIP-Based Models on Different Visual
Patterns in MMVP-VLM Benchmark. For most of the visual patterns, all CLIP-based methods show
struggle, as evident from the scores. Sugar achieves state-of-the-art performance on the majority of
tasks, demonstrating its powerful discriminative ability. We use symbols for visual patterns due to
space limit: ☼: Orientation and Direction, Û: Presence of Specific Features, L: State and Condition,
�: Quantity and Count, ,: Positional and Relational Context, h: Color and Appearance, Ô:
Structural and Physical Characteristics, k: Texts, �: Viewpoint and Perspective. † indicates that we
use question-answering as the test method, instead of dot product.

E.4 Retrieval-Augmented Generation.

For performing retrieval-augmented generation (RAG), we selected two tasks, namely VizWiz and
SQAI, as they provide held-in data not seen during model training. We did not use VQAv2, GQA,
and VQAT because their held-in data is a subset of the widely-used LLaVA-1.5 SFT. Benchmarks
like POPE, MMB, and others lack held-in data. Therefore, we focused on VizWiz and SQAI for our
experiments. We utilized a mixed set comprising the widely-used LLaVA-1.5 SFT subset and the
held-in dataset of the two tasks as the knowledge base and employed different retrieval modules to
retrieve relevant knowledge for the MLLM. Similar to common practice, we average the similarity
scores for CLIP (We choose CLIP ViT-L/14@336px). For BLIP-2, we compute the similarity
using its multimodal token’s CLS token. Figure 7 shows some specific retrieval results on test data,
demonstrating that Sugar can better integrate information from both images and text, retrieving more
similar data as external knowledge.RAG
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What's in this box please? thank you. \nWhen the provided information is insufficient, 
respond with 'Unanswerable'.\nAnswer the question using a single word or phrase.

ours
What type of snack is this?\nWhen the provided information is insufficient, 
respond with 'Unanswerable'.\nAnswer the question using a single word or phrase.
(chocolate haystacks)

What's most likely in the box?\nA. napkins\nB. more food\nC. gas\nD. 
water\nAnswer with the option's letter from the given choices directly.
(B)

CLIP

What is this item?\nWhen the provided information is insufficient, respond with 
'Unanswerable'.\nAnswer the question using a single word or phrase.
(sunflower seeds)

BLIP-2

Figure 6: Selected examples from do retrieval-augmented generation.Sugar can retrieve more useful
knowledge compared with CLIP and BLIP-2. Inside the parentheses are the answers, note that the
When retrieving, we will only retrieve the questions, not the answers, which are shown here for
convenience only.
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RAG

1

What is the brand of this camera?\nReference OCR token: DAKOTA, DIGITAL, Single-Use, 
Camera, Pire, digitat\nAnswer the question using a single word or phrase.

What brand phone is this?\nAnswer the question using a single word or phrase.
(Nokia)

What is the megapixels?\nAnswer the question using a single word or phrase.
(1.2)

CLIP

How might the placement of the portrait affect the atmosphere in the restroom?
(The placement of the portrait of a woman hanging over the toilet in the restroom can 
create an unusual and uncomfortable atmosphere for users. A portrait hanging above a 
toilet is not a common sight or typical bathroom d\u00e9cor, and some people may feel 
uneasy, as if they are being watched or invaded upon in a space where they expect 
privacy. This unintentional effect on the atmosphere might lead to visitors feeling the 
restroom design is odd, intrusive, or somewhat inappropriate.)

BLIP-2

Sugar

RAG

3

What is the vehicle that is in front of the basket?\nAnswer the question using a single word or 
phrase.

What vehicle is to the left of the man?\nAnswer the question using a single 
word or phrase.
(Car)

What kind of vehicle is parked?\nAnswer the question using a single word or 
phrase.
(Train)

CLIP

How many wheels does this vehicle have normally?\nAnswer the question 
using a single word or phrase.
(18)

BLIP-2

Sugar

RAG

4

Context: Trade happens when people agree to exchange goods and services. People give up something to 
get something else. Sometimes people barter, or directly exchange one good or service for another.\nClara
and Hazel open their lunch boxes in the school cafeteria. Neither Clara nor Hazel got everything that they 
wanted. The table below shows which items they each wanted:\n\nLook at the images of their lunches. 
Then answer the question below.\nClara's lunch Hazel's lunch\nWhat can Clara and Hazel trade to each 
get what they want?\nA. Clara can trade her tomatoes for Hazel's broccoli.\nB. Hazel can trade her 
almonds for Clara's tomatoes.\nC. Clara can trade her tomatoes for Hazel's carrots.\nD. Hazel can trade 
her broccoli for Clara's oranges.Answer with the option's letter from the given choices directly.
(A)

What is this woman going to eat?\nA. burrito\nB. taco\nC. sandwich\nD. 
steak\nAnswer with the option's letter from the given choices directly.
(C)

What types of fruits and vegetables can be seen on the table?
(There are various fruits and vegetables on the table, including pears, peaches, 
plums, grapes, green peppers, carrots, and bananas.)

CLIP

what brand of phone?\nReference OCR token: 09, JUN, THU, 
MOHOROLA, inilaton, Invitation:, 1B.M, Room, Sales, 12:56, eview, 
The\nAnswer the question using a single word or phrase.
(motorola)

BLIP-2

Sugar

Figure 7: Selected examples from do retrieval-augmented generation (continued for Figure 6).

F More Results

F.1 Details of Retrieval

Image-text Retrieval. FROMAGe [40] was evaluated on the 5K validation set of MSCOCO 2017.
Due to the split method confusion in FROMAGe, we report our image-text retrieval results on
MSCOCO val2014’s 5K val set following UniIR [84] and the Karpathy split [38]. What’s more we
then utilize FAISS [37], a powerful library for efficient similarity searches in dense vector spaces, to
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index and retrieve candidates. Therefore, the results may exhibit slight differences when compared
under identical settings. The results in Table 3(a) are provided for reference only.

Interleaved Retrieval. We conduct evaluations across several experimental configurations, following
the same setup as FROMAGe [40]. The settings are as follows:

1. Retrieval of the last image given the descriptions of the preceding 5 images. This evaluates models’
ability to condition on temporally dependent language.

2. Retrieval of the last image given the descriptions of the preceding 5 images and the 4 preceding
images. This assesses models’ capability to process interleaved image-and-text context.

Fine-grained Retrieval. Winoground [79] is designed to evaluate the ability of vision and language
models to perform vision-linguistic compositional reasoning. The task involves matching two images
with two captions, where both captions contain an identical set of words/morphemes arranged in
different orders. This dataset, meticulously hand-curated by expert annotators, includes a rich set of
fine-grained tags to facilitate detailed performance analysis.

F.2 Quality Results

To analyze Sugar’s emergent behaviors and observed weaknesses, we present additional qualitative
samples that were not included in the main paper due to space constraints. Please note that for brevity,
we have omitted the system prompts and the line breaks after the images for all the quality examples.

We hope these additional results and observations showcase the potential of Sugar in various applica-
tion areas. In future work, it is important to investigate these emergent behaviors more thoroughly
and to understand the underlying mechanisms that enable Sugar to demonstrate such generalization
abilities. This will pave the way towards building better MLLMs, including enhancing robustness, re-
ducing biases, and improving the alignment and scope of the learned vision-language representations.

World Knowledge: We observe that Sugar can leverage the world knowledge [26] embedded within
the LLM to enhance performance on multimodal tasks. For example, as shown in Figure 4, the model
understands that during Halloween, people typically dress up in various ways to portray scary, funny,
or creative characters, such as ghosts and skeletons.

Retrieval the Same Sequence at Different Place: One interesting emergent behavior of Sugar
is its ability to retrieve sequences from different positions within the input interleaved sequence,
demonstrating flexibility and high sample efficiency, as shown in Figure 4. Unlike CLIP, which
requires encoding each sample separately, Sugar can encode sequences of varying lengths for the
same multi-modal document in a single forward pass.

What’s more, Sugar is capable of both retrieval and generation tasks. Below in Figure 8 are some
examples from the VIST dataset.

I took some 
pictures from 
my family 's bbq
last weekend .

my wife is 
ready for 
the attack !

we made 
hamburgers 
into little star 
shapes .

my dad is 
trying to 
touch my 
food.

the sunset 
afterwards 
was so 
beautiful .

they 
arrived to 
the station 
on the 4th 
of july .

first they 
came to an 
advertiseme
nt for four 
wheelers .

then they 
rode the 
escalator 
down to the 
station .

then they 
came to an 
advertisement 
for location.

finally when 
they got out of 
the station , they 
came to a group 
of police .

finally there 
were so cool 
cars in the 
parade .

there was a 
large red 
fire truck at 
the parade .

after that there 
were soldiers 
marching down 
the street .

then there 
were 
clowns on 
funny 
bikes .

the parade 
started with 
the local 
jrotc team .

Retrieval and Dialogue
we had so much 
fun all the all. I 
want have a 
more bbq !

the police asked 
them where they 
were going and how 
can help them .

This parade was 
wonderful and left a 
deep impression on me

Sugar

Sugar

Sugar

Figure 8: Selected examples for various image-text tasks. The pink background indicates retrieval

results, while the blue background indicates generated results.
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Fine-grained Image Discrimination: As shown in Figure 9, Sugar excels at accurately discerning
subtle differences between images and identifying detailed objects and their attributes. VILA, on the
other hand, tends to describe the content of the images without pinpointing the precise differences
between them. In contrast, Sugar provides more concise and direct answers.

What distinguishes these two images?                           Difference:

Fine-grained Image Discrimination

the two people that were standing on the sidewalk are gone.

VILA
The main difference between the two images is the perspective. In the first image, the view is from a higher angle, 
giving a broader view of the parking lot and the building. In contrast, the second image is taken from a lower angle, 
focusing on the entrance of the building. This difference in perspective allows for a more detailed view of the entrance 
and the surrounding area in the second image.

Sugar

which one of following meets the image:\n
A.a car facing back.\n
B.a car facing front.\n
please answer in A or B with the content of the choice.

Fine-grained Image Discrimination

A.a car facing back.

VILAB.a car facing front.

Sugar

which one of following meets the image:\n
A.A painting on the wall behind the bed.\n
B.Empty on the wall behind the bed.\n
please answer in A or B with the content of the choice.

Fine-grained Image Discrimination

A. A painting on the wall behind the bed.

VILAB.Empty on the wall behind the bed.

Sugar

which one of following meets the image:\n
A.points at \"0\“\n
B.points at \"80\"\n
please answer in A or B with the content of the choice.

Fine-grained Image Discrimination

B.points at \"80\“.

VILAA.points at \"0\“.

Sugar

Source Image:                          Target Image:                     \n  

Fine-grained Image Discrimination

Change the girls face Zoom it in slightly.

VILA
The image depicts a young girl with blonde hair, wearing a purple shirt, standing in front of a white house. The girl is 
smiling and looking directly at the camera. The image has been edited to remove the background, focusing solely on the 
girl. The background has been replaced with a solid color, which is not specified in the image description. The girl's 
position relative to the house has not been altered, and she is still standing in front of it. The image does not contain any
text or additional objects. The girl's smile and direct gaze are the main focus of the image.

Please give a editing Request to describe the transformation 
from the source image to the target image. 

Sugar

Figure 9: Selected examples. Sugar excels at accurately discerning subtle differences between images
and identifying detailed objects and their attributes.
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Style Following: Sugar exhibits a certain degree of in-context style following capability. As shown
in Figure 10, with the aid of external knowledge, Sugar partially adopts the style of retrieved results,
resulting in more accurate and detailed answers compared to scenarios without retrieval augmentation.

What's the best weather, season, time of the day of visiting this place?  Is the time when this photo was taken a good 
time to visit this place?

Yes.

+RAG
When visiting this serene lakeside location, be cautious about the following:\n\n1. Wooden pier safety: Ensure the 
T-shaped wooden pier is sturdy and safe to walk on, and be mindful of any loose planks or slippery surfaces.\n\n2. 
Swimming conditions: If you plan to swim in the lake, check for potential hazards such as submerged objects or 
strong underwater currents, and be aware of the water temperature.\n\n3. Wildlife: Some lakes may have local 
wildlife, such as snakes or alligators, which could pose a threat. Remain cautious and observant, especially near 
the water's edge.\n\n4. Weather conditions: The sky is cloudy, so be prepared for potential rainfall or changes in 
temperature, and monitor weather forecasts before your visit.\n\n5. Hiking in the surrounding area: If you plan to 
explore the green trees and mountains in the background, be cautious of potential hazards like steep and slippery 
terrain or unstable trail conditions. Carry appropriate hiking gear and wear sturdy footwear.\n\n6. Protect the 
environment: Be respectful of the natural beauty of the area, and avoid littering, damaging any trees or plants, or 
disturbing wildlife.

What are the things I should be cautious about when I visit here?

Question

Answer

The best time to visit this serene lakeside location is during the day, as the weather is clear and the lighting is good for photography. The photo was 
taken during the day, and the weather appears to be clear, making it a good time to visit. Answer

Retrieved External Knowledge

Style Following

Sugar

What is unusual about this image?

A man ironing clothes on car.

+RAG
The city might be facing traffic congestion issues, particularly in the four-lane sections of the highway since most 
cars have their brake lights on, indicating slow or stopped traffic. Possible solutions could include:\n\n1. 
Implementing traffic management strategies, such as ramp meters to control the rate at which cars enter the 
highway or optimizing traffic signal timings to improve traffic flow.\n2. Encouraging the use of public 
transportation, carpooling or ride-sharing to reduce the number of cars on the road.\n3. Expanding or adding more 
lanes to ease traffic congestion in the four-lane sections of the highway.\n4. Exploring alternative routes to divert 
traffic from the congested areas.\n5. Improving walking and biking infrastructure in the city, thus promoting more 
sustainable and non-motorized modes of transport.

What is the problem this city might be facing? What are some possible solutions?

Question

Answer

The unusual aspect of this image is the presence of a man standing on the hood of a car while ironing clothes. This is not a common sight and could 
potentially be dangerous. Answer

Retrieved External Knowledge

Style Following

Sugar

Figure 10: Selected examples from LLaVA-Bench(In-the-wild). Using external knowledge, Sugar
partially follows the style of retrieved results, providing more accurate and detailed answers compared
to not using retrieval augmentation.

Interleaved Comprehension: As demonstrated by results from DEMON [47], Sugar exhibits
superior interleaved comprehension capabilities compared to VILA, particularly in tasks requiring
fine-grained analysis and an understanding of global context. For instance, in the third example
of Figure 11, VILA confuses character names, whereas Sugar maintains narrative coherence while
adhering to the style of the preceding text. Similarly, in the third example of Figure 12, VILA provides
an irrelevant response, while Sugar delivers a more contextually appropriate answer. Additionally,
Figure 13 demonstrates Sugar’s ability to effectively capture global information, identifying the
relevant images and text within the sequence to provide accurate responses.
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Given two images and a sentence outlining their relation, your responsibility is to judge whether the sentence correctly 
describes the connection between them.\n

Relation: The left image shows at least one rear-facing hyena standing in front of two larger standing animals with horns.

VILATrue

False Sugar

Having viewed the images, can you use the information presented to answer the following question?\n

Image Caption #1: StadiumTrack Track inside Olympic Stadium for the Monster Spectacular . \n

Image Caption #2: Stade Olympique Monteal A match of football of Montreal Impact at the Oympic
Stadium of Montreal. \n

Question: Is the center of the Olympic Stadium of Montreal always the same?

VILAThe answer is yes.

No, the center of the Olympic Stadium of Montreal is not always the same. Sugar

Given the progression of the story with the first few images, can you write a fitting end considering the last image?\n

Caption#1:Wilma and Betty are sitting on a couch in the living room. Wilma speaks to Betty
and cries into a handkerchief.\n

Caption#2:Wilma and Betty are sitting on a couch in the living room. Wilma is crying and wiping her tears with a handkerchief 

while Betty speaks to her. \n Caption#3:Wilma and Betty are sitting on the couch in the living room in front of the 
television set. Wilma is holding a handkerchief and talking to Betty.\n

Caption#4:Fred and Barney are in a car. Barney is looking at Fred and holding     Caption#5: 
the steering wheel. Fred speaks, then  Barney speaks.\n

VILA
Wilma and Betty are sitting on the couch in the living room in front of the television set. Wilma is holding a handkerchief 
and talking to Betty.

Fred and Barney are in a car. Barney is driving while Fred is talking to Barney while they look behind them. Sugar

Figure 11: Selected examples for Interleaved Comprehension.
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Utilizing the information, including images, text, and tables that I provide, could you provide a correct answer to the 
following question. \n

Global Table:                                                       Context:                        

VILAThere are five people in the car in the image.

Question: How many people are in the car in diablero?

There are four people in the car in the image. Sugar

Provided with a series of diagrams from a textbook, your responsibility is to correctly answer the following question.\n

\n                                   \n

VILAThere are four layers of the atmosphere identified in the diagram.

Question: How many layers of the atmosphere is identified in the diagram?

There are five layers of the atmosphere identified in the diagram. Sugar

With the stories connected to the initial pictures, how would you write the climax based on the last picture?

Caption#1:He was inspired by the ducks. \n                            Caption#2:He liked the way the sand that had washed

looked.\n                          Caption#3:At lunch he drew a sketch\n                             Caption#4:He would hang the painting in the 

other window like this one.\n                            Caption#5:

VILAHe was inspired by the ducks.

Then he would take a picture of the beach to put in the other window. Sugar

Figure 12: Selected examples for Interleaved Comprehension (continued for Figure 11).
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Did the Cadillac Series 61 Fastback come as a four door sedan only?\n

Image Caption #1: 1949 Cadillac Series 61 Fastback - Flickr - exfordy (1).                             

Image Caption #2: 1949 Cadillac Series 61 Fastback - Flickr – exfordy.                                           Image Caption #3: Cadillac

Series 62 51 Cadillac Limousine.\n                                    Image Caption #4: 1949 Cadillac Series 62 Convertible – fvr.\n

Image Caption #5:  1949 Cadillac Series 62 Convertible – fvl.\n                                      Image Caption #6:

1949 Cadillac Series 62 Convertible - fvr2. \n
please answer the question in Yes or No.

VILAYes.

No. Sugar

Are there any trees near the HSBC Hong Kong Headquarters building which are taller than the building?\n

Image Caption #1: HSBC Hong Kong headquarters building, Hong Kong, Mar 06.\n                              \ Image

Caption #2: HSBC Headquarters Building, Hong Kong,  detail of top showing cannons. \n                   \ Image Caption #3: Hong 

Kong HSBC headquarters building IMG 5378  HSBC Hong  Kong headquarters building, Hong Kong.\n                   Image 

Caption #4: Hong Kong HSBC headquarters building IMG 5377  HSBC Hong Kong headquarters building, Hong Kong.\ n 

mage Caption #5: HSBC Hong Kong Headquarters.\n                      Image Caption #6: HK HSBC Main Building 2008 Facade 
I

of HSBC Hong Kong headquarters building, and others.“ \n please answer the question in Yes or No.

VILAYes.

No. Sugar

Figure 13: Selected examples for Interleaved Comprehension (continued for Figure 12).

Sensitivity with Detailed Semantics: Sugar can address various examples inspired by the Winograd
schema [43]. These examples consist of multiple sentences that differ only by a single word, leading
to different resolutions of ambiguity. Sugar can accurately match images and text, demonstrating its
sensitivity to even minor changes in input prompts. Figure 14 showcases some cases that align with
the Winograd schema from Winoground.

The dog wears a hat but 
the person doesn't

the person wears a hat but 
the dog doesn't

the person wearing neutral colors poses and the 
person wearing brighter colors takes a picture

the person wearing brighter colors poses and the 
person wearing neutral colors takes a picture

the plant is 
eating the bug

the bug is 
eating the plant

head in the clouds

clouds in the head

an inflatable 
flamingo on a person

a person on an 
inflatable flamingo

Sugar

Sugar

Sugar

Sugar

Sugar

Sugar

Sugar

Sugar

Sugar

Sugar

Figure 14: Selected examples from Winoground. Sugar is Sensitivity with Detailed Semantics
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G Retrieval for Knowledge-based VQA

In this section, we use FVQA [83] and WebQA [10], two knowledge-based VQA datasets, to verify
Sugar’s effectiveness of combining retrieval and comprehension abilities in a single model, thereby
avoiding compatibility issues and suboptimal performance.

Historically, solving FVQA has relied on modeling the knowledge database using a Knowledge
Graph [13]. For WebQA, each question is associated with 10-20 knowledge bases, but only one is
relevant to the image and caption. FVQA knowledge is textual, whereas WebQA knowledge consists
of both text and pictures.

Implement Details. In this experiment, we used CLIP ViT-L/14@336px, and both experiments
report the ROUGE-L Score.

For FVQA, answers originate from two sources: directly from the image or from the knowledge
base. To minimize interference, we only tested questions requiring the knowledge base. We used the
following prompt for FVQA: "Please answer the questions based on the pictures. If the reference
information is useful, please use it. Otherwise, please ignore the reference information. Reference
information: retrieved knowledge <image> question." The baseline without retrieval means we did
not search for knowledge, but directly input the image and question for the model to answer. + CLIP
image means using the image to retrieve knowledge, + CLIP text means using the text to retrieve
knowledge, and + CLIP average means using the average annotations of both image and text to
retrieve knowledge. For our model, sugar+rag indicates the average result obtained using both image
and text to retrieve knowledge.

For WebQA, each question has 10-20 negative captions and images. Due to context length limitations
in LLaVA and VILA, we could not input all the data, necessitating a retrieval model to extract relevant
knowledge. Due to the large dataset size, we randomly selected 1000 samples. For WebQA, +CLIP
image means providing the positive image and using it to retrieve the most relevant text from the
knowledge base, which is then used as input for the model to answer the question. Conversely, +CLIP
text uses the text to retrieve relevant images. For our model, sugar+rag indicates the result obtained
using the average similarity score of the aforementioned methods.

FVQA WebQA
LLaVA-1.5-7B 5.9 /
LLaVA-1.5-7B + CLIP image 6.8 81.8
LLaVA-1.5-7B + CLIP text 7.1 79.2
LLaVA-1.5-7B + CLIP (average) 7.9 /
VILA-7B 6.4 /
VILA-7B + CLIP image 9.0 80.0
VILA-7B + CLIP text 10.2 71.2
VILA-7B + CLIP (average) 11.0 /
Sugar 6.5 /
Sugar + rag 20.7 88.7

Table 7: Comparison between the independent generator + retriever and Sugar on knowledge-based
VQA. ’/’ indicates not applicable.

Results. Based on Table 7, we can observe that while MLLM can answer a small portion of FVQA
questions using its internal knowledge, it still requires the support of a retriever for enhanced accuracy.
However, the impact of retrieval strategies on the results is inconsistent. For instance, using text
retrieval often outperforms image retrieval in FVQA, whereas in WebQA, image retrieval is more
effective. Additionally, there are compatibility issues between retrieval strategies and models. For
example, in WebQA, VILA is more sensitive to CLIP’s retrieval strategy, with fluctuations 3.4 times
greater than those of LLaVA-1.5. Our integrated retriever and generator model, however, does not
require an additional retriever and avoids the aforementioned optimization and selection issues.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The main claims presented in the abstract and introduction provide an accurate
representation of the paper’s contributions and scope.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitations of the work in Appendix B.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
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Justification: We give the proof in Appendix C.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification:We give experimental setup and implementation details in Section 4.1 and
Appendix E.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [NA]

Justification: The codes will come soon and all the data is public to access.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: we have provided necessary implementation details of our method in Ap-
pendix E.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment Statistical Significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We followed the baseline settings on the evaluation benchmark.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We give the statements of experiments compute resources in Appendix E.2.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conforms, in every respect, to the NeurIPS
Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader Impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discuss the Broader Impacts in Appendix A.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We have already cited all the original paper that produced the code package or
dataset.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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